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Abstract 
In this paper, we propose a novel dynamical task-based model to investigate the origin of non-Poisson properties in human 
mobility pattern. Considering the distance and the memory effects in the decision of human travel, our model simulates the 
walking process of a walker in a two dimension square landscape. In the walking process, the nearer and more familiar places 
usually have more possible to be chosen as the aim location of travel. Simulation results indicate that our model can generate not
only the power-law displacement distribution, but also the localization property and non-homogeneous visiting frequency 
distribution. These results in agreement most of conclusions of the empirical statistics, imply the impacts of distance and memory 
are important in the emergence of non-Poisson property in human mobility pattern. 
© 2010 Elsevier B.V. All rights reserved 
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1. Introduction 
The research of human mobility pattern is an important issue for the understanding of contact behaviors of human, 
studying of spreading of epidemic and information, optimization of traffic systems. The common understanding of 
human mobility pattern is similar to the classical random walk process [1]. In this description, the displacement 
distribution of each travel is homogenous, and the probability of long-range movement is quite small. Recently, 
Brockmann et al. [2] have studied the real-world human mobility pattern via the trajectories of bank bills, and then 
Gonzalez et al. [3] have investigated human mobility pattern in short range movements based on the data of mobile 
phone user. These researches indicated that the real-world human mobility pattern are sharp different with our 
common understanding: Firstly, the displacement distribution of each travel is not homogenous and obeys power-
law like form with exponent from -1.5 to -1.7, namely, the long-range movement will far more than the forecast of 
random walk model. Secondly, the trajectories of human travel have obvious localization property, which can not be 
described by Lévy flight, although Lévy flight also has power-law displacement distribution. Thirdly, there are few 
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positions that usually are visited frequently for each individual, and the distribution for the average visiting 
frequency is also obeying power-law. Recent years, similar scaling mobility pattern is also widely observed in wild 
animals [4-8]. Although some type of interpretations are proposed, such as optimal searching strategy [9-15], food 
resource driven [16-18], and deterministic walks [19], but the dynamical mechanism of above properties of human 
mobility pattern is rarely studied. 
One of the most important interpretations of non-Poisson properties in human activities is task queuing models. 
In this type of model, each activity in daily life are treated as a “task”, and each “task” has different priority, and the 
task with highest priority will be executed firstly. Based on this assumption, the fat-tail property in the waiting time 
distribution can be emerged [20]. Recently, this type of model has been widely discussed in the researches of human 
dynamics [20-22]. In this paper, we introduce the memory effect into the task based model, and proposed a novel 
mode to investigate the underlying mechanism of scaling property of human mobility pattern.  
2. The model 
In our daily life, there are two factors usually are considered in the decision of travel: on one hand, we usually 
compare the importance and the distance of the travel tasks, and give up the travel tasks that is far and unimportant; 
on the other hand, our decisions are also impacted by the our memory or history of travels, the familiar positions 
have more possible be in our consideration, and the correlation in many tasks also need us to visit some positions 
again. Based on these daily experiences, the algorithms of our model are proposed as follows: 
i). In a two dimensional S×S square lattices, we randomly choose N points (N < S2) as the positions which have 
task. In the following discussions, these positions with tasks are called task points. 
ii). For an arbitrary task point i (with coordinate (xi, yi)), let pi to denote the priority of the task on the point, 
where pi is randomly chosen from the integers between 1 to 100. The probability that task point i is chosen by the 
walker is: 
qi = (piti-Įdi-ȕ)/Ȉ(pjtj-Įdj-ȕ)                                                        (1) 
where di is the geometric distance between the current position of the walker and task point i:
di = [(xi - xt)2 + (yi - yt)2] 1/2                                                    (2) 
where (xt, yt) is the coordinate of the current position of the walker, and ti = t – ti0, is the time interval from the last 
visiting time ti0 of task point i to the current time t. qi actually denotes the effective priority of task point i.
FIG 1. (Color online) Displacement distribution P(L) obtained by our model. The left panel: P(L) for different Į when ȕ = 1.8. 
The right panel: P(L) for different ȕ when Į = 0.5. Data are averaged by 100 dependent runs, each run lasts 106 time steps after 
initialization. 
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iii). If the task point i is chosen by the walker, the walker moves onto the position of the task point and executes 
the task of the point, and the value of pi is update to 0. After the walker leaves the task point i in the next time step, a 
new task will be generated on the point, so the value of pi will be randomly set a new value. Noticed that the value 
of p of a task point is only updated when the walker moves onto or leaves the task point. 
In these rules, the effective priority qi of task point i is decided by the priority of the task pi, distance di, and time 
interval ti. The memory effect are denoted by a descending function ti-Į, namely we have more possible to visit the 
positions that have visited recently, where Į denotes the strength of preference of the points with small time interval 
from the last visiting. Similar definition di-ȕ is used to express the impact of distance. Į and ȕ are two main 
parameters of the model. 
In our simulations, N = 104, and S = 500. The boundary condition of the landscape is reflected, namely the walker 
must turn back when it moves onto the boundary. The initial position of each individual is randomly chosen from the 
position points, and the tj for each position are set as 1. The first 5×105 time steps are treated as initialization, and all 
the following results are obtained averaged over 100 dependent simulations and each of them runs 106 time steps 
after initialization.  
3. Simulation Results 
Empirical studies indicated that the human mobility pattern can be described by the following three distributions. 
The first of the displacement distribution P(L). Empirical researches it is inhomogeneous and obeys power-law 
distribution with exponent -1.5 to -1.7 [2,3]. In our model, the displacement L is defined as the geometric distance 
from the start position to the end position of a movement. As shown in Fig. 1, power-law like P(L) can be emerged 
under any parameters setting when ȕ > 1, but the absolute value Ȗ of power-law exponent (the slope in log-log plot) 
is less than 1.0 when ȕ < 2 and the value of Į is small. The value of Ȗ is increasing along with the growth of Į. When 
Į = 0.5 and ȕ烌 1, Ȗ = 1.6, which is in agreement with the empirical statistics of human mobility pattern. The value 
of Ȗ can continuous changed from 0 to 3.0 by different parameters Į and ȕ. This range of exponent can contain all 
the empirical observation of displacement distribution.  
FIG 2. (Color online) The relative proportion Pr(Ĳ) vs. time interval Ĳ, where r = S/200. The left panel: Pr(Ĳ) for different Į when 
ȕ = 1.8. The right panel: Pr(Ĳ) for different ȕ when Į = 0.5. Data are averaged by 100 dependent runs, each run lasts 106 time 
steps after initialization.
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The second is the relative proportion Pr(Ĳ) [2], which is the probability of the walker being reported within a short 
radius r from the initial position after Ĳ time steps. Obviously, Pr(Ĳ) is a descending function along with Ĳ and 
increases with the growth of the distance r. The descending form of Pr(Ĳ) can denote the degree of localization of 
mobility patterns. Empirical statistics indicated that real Pr(Ĳ) has a power-function tail [2], implies obvious 
localization property. In our simulations, r 烌 S/200. Simulation results are shown in Fig. 2. When Į = 0 (no 
memory effects), the curve of Pr(Ĳ) is decaying fast, and the localization property of the walker is not obvious. When 
Į = 0.5, the decay of Pr(Ĳ) shows obvious power-law tail, and the absolute value of the exponent is increasing with 
the growth of ȕ. When Į is larger, the decay of Pr(Ĳ) is slower, and the localization property is more obvious. These 
results are generally in agreement with the empirical data, and imply that the memory effects have strong impacts on 
the emergence of localization property of human mobility. 
The third is the average visiting frequency distribution Pc(n) for different task points, which expresses the ratio of 
the number of points that the walker has visited n times. Simulation results of Pc(n) for different parameters are 
shown in Fig. 3. When Į = 0, Pc(n) trends to Poisson-like form, denotes the visiting frequency for different task 
points is homogenous. When Į > 0.5 and ȕ > 1.5, power-law like Pc(n) can be emerged. The impact of Į is 
obviously stronger than ȕ on Pc(n), and implies the preference of the visiting for some special positions is mainly 
affected by the memory effect. 
All above simulation results of our model are generally in agreement with the empirical statistics in Ref. [2] and 
[3]. These non-Poisson properties are all emerged under the impacts of both distance effect and memory effect. The 
distance effect mainly impacts on the displacement distribution, but the movement will degenerate to a classical 
Lévy flight without the memory effect. The memory effect increases the heterogeneity of the displacement 
distribution, and also mainly impacts the generation of localization property and preferential visiting behaviors. 
FIG 3.  (Color online) Visiting frequency distribution Pc(n) for different position points. The left panel: Pc(n) for different Į. The 
right panel: Pc(n) for different ȕ. Data are averaged by 100 dependent runs, each run lasts 106 time steps after initialization. 
4. Conclusions and discussions  
In summary, we proposed a novel dynamical model to explain the non-Poisson properties in human mobility 
pattern. The distance effects and memory effects are mainly considered in our model based on daily experience. The 
results of the model in three types of different statistic properties: displacement distribution, relative proportion, and 
visiting frequency distribution, are all in agreement with empirical statistics, imply that these non-Poisson properties 
in human mobility pattern are generated by the impacts of distance and memory effects. Although a task-based 
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description is used in our model, but the impact of the task priority on the mobility pattern is slight, and thus it is not 
the focus of our discussion, so our model is quite different with other task-queuing models of human dynamics [20-
22]. 
Although this model mainly focuses on the underlying mechanisms of human mobility pattern, the effects of 
distance and memory also impact on the animal behaviors. The displacement distributions obtained by this model no 
only can well fit the empirical statistics of human mobility pattern, but also can include several types that are 
observed in many animal movement behaviors. Therefore this model is also helpful in the understanding of the 
mechanisms of animal mobility pattern. 
This model can explain several non-Poisson properties in human mobility patterns, but the expressions of the 
impacts of distance and memory in this model have some artificial factors and lack the support of empirical data. 
These problems still need more deep studies on the improvement of the model. We hope the proposition of this 
model can attract more attentions on the studies of human mobility patterns. 
5. Acknowledgement 
This work is supported the National Basic Research Program of China (973 Program No.2006CB705500), 
and the National Natural Science Foundation of China (Grant No. 60744003, 10975126 and 70871082). 
6. References 
[1] E. A. Codling, M. J. Plank, and S. Benhamou, J. R. Soc. Interface 5, (2008) 813 – 834. 
[2] D. Brockmann, L. Hufnagel, and T. Geisel, Nature 439, (2006) 462 – 465. 
[3] M. C. Gonzalez, C. A. Hidalgo, and A. -L. Barabási, Nature 453, (2008) 779 – 782. 
[4] G. M. Viswanathan, V. Afanasyev, S. V. Buldyrev, E. J. Murphy, P. A. Prince, and H. E. Stanley, Nature 381, (1996) 413 - 
415.
[5] A. M. Edwards, R. A. Phillips, N. W. Watkins, M. P. Freeman, E. J. Murphy, V. Afanasyev, S. V. Buldyrev, M. G. E. da Luz, 
E. P. Raposo, H. E. Stanley, and G. M. Viswanathan, Nature 449, (2007) 1044 – 1048. 
[6] F. Bartumeus, F. Peters, S.Pueyo, C. Marrase, and J. Catalan, Proc. Natl. Acad. Sci. USA 100. (2003) 12771 – 12775. 
[7] G. Ramos-Fernandez, J. L. Mateos, O. Miramontes, G. Cocho, H. Larralde, and B. Ayala-Orozco, Behav. Ecol. Sociobiol. 55,
(2004) 223 – 230. 
[8] D. W. Sims, et al. Nature 451, (2008) 1098 – 1102. 
[9] G. M. Viswanathan, S. V. Buldyrev, S. Havlin, M. G. E. da Luzk, E. P. Raposok, and H. E. Stanley, Nature 401, (1999) 911 
– 914. 
[10] F. Bartumeus, J. Catalan, U. L. Fulco, M. L. Lyra, and G. M. Viswanathan, Phys. Rev. Lett. 88, (2002) 097901. 
[11] G. M. Viswanathan, F. Bartumeus, S. V. Buldyrev, J. Catalan , U. L. Fulco , S. Havlin, M. G. E. da Luz, M. L. Lyra , E. P.
Raposo, H. Eugene Stanley, Physica A 314, (2002) 208 – 213. 
[12] M. A. Lomholt, T. Koren, R. Metzler , J. Klafter, Proc. Natl. Acad. Sci. USA 105, (2008) 1105 – 11059. 
[13] G. M. Viswanathan, E. P. Raposo, and M. G. E. da Luz, Phys. Life. Rev. 5, (2008) 133 – 150. 
[14] A. M. Reynolds, Phys. Lett. A 354, (2006) 384 – 388. 
[15] O. Bénichou, C. Loverdo, M. Moreau, and R. Voituriez, Phys. Rev. E 74, (2006) 020102(R). 
[16] A. M. Reynolds, Phys. Rev. E 72, (2005) 041928. 
[17] A. M. Reynolds, Phys. Rev. E 78, (2008) 011906. 
[18] D. Boyer, G. Ramos-Fernández, O. Miramontes, J. L. Mateos, G. Cocho, H. Larralde, H. Ramos, and F. Rojas, Proc. R. Soc. 
B 273, (2006) 1743 – 1750. 
[19] M. C. Santos, D. Boyer, O. Miramontes, G. M. Viswanathan, E. P. Raposo, J. L. Mateos, and M. G. E. da Luz, Phys. Rev. E 
75, (2007) 061114. 
[20] A.-L. Barabási, Nature 435, (2005) 207. 
[21] A. Vázquez,  J. G. Oliveira,  Z. Dezsö, K.-I. Goh, I. Kondor, and A.-L. Barabási, Phys. Rev. E 73, (2006) 036127. 
[22] J. G. Oliveira and A. Vázquez, Physica A 388, (2009) 187-192. 
X.-P. Han, B.-H. Wang / hysics Procedia 3 (2010) 1907–1911 1911
